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INTRODUCTION 


In recent decades demographers interested 
in the health of aging populations have devel- 
oped new approaches to understanding trends, 
differences, and changes in health based on bio- 
logically informed models. The multidisciplinary 
nature of demographic research on health and 
aging continues to grow in scope and impor- 
tance as it has been enlightened by insights from 
sociology, economics, psychology, and now, biol- 
ogy. Biodemographic work in aging incorpo- 
rates biological theory and measurement with 
traditional demographic approaches to better 
understand variation in health and mortality 
across and within populations as well as changes 
among aging individuals in those populations. 
Incorporating biology begins to uncover mecha- 
nisms through which traditional demographic 
variables (e.g., age, sex, race/ethnicity) are linked 
to subsequent health outcomes. The rapid aging 
of populations and extension of life expectancy 
in recent decades, coupled with the persistence 
of health differentials within populations and 
between countries such as the United States and 
other developed countries, has resulted in ques- 
tions such as: Are people living longer healthy 
lives? How does one explain the variability in 
the aging process across individuals, groups, and 
contexts? Why do Americans appear to have rel- 
atively poor health? In other words, the focus of 
work in demographic analyses of mortality and 
health has changed from description to under- 
standing how and why health change and dif- 
ferences occur and the identifying factors that 
contribute to the plasticity of health relative to 
environmental, social, behavioral, and technolog- 
ical changes (Vasunilashorn & Crimmins, 2008). 


EXPANSION OF THE 
DEMOGRAPHIC APPROACH: THE 
PROCESS OF HEALTH CHANGE 


The biodemographic focus arises, in part, 
from societal changes that have occurred over 


the past century. These changes have required 
a rethinking of how demographers conceptual- 
ize health and think about mortality. With the 
marked reduction in mortality from infectious 
conditions, chronic conditions dominate as 
causes of morbidity and mortality. Chronic con- 
ditions are concentrated among the older mem- 
bers of the population and they develop over 
the entire lifespan even though they may not be 
manifested until late in life. This has led to an 
emphasis on the process of health change over 
the lifespan. 

In recent decades, mortality decline at older 
ages has been a major contributor to increas- 
ing life expectancy; and the addition of years 
of life to living into older ages has increased 
interest in: (1) determining how long we can 
live healthily, and (2) understanding the risks 
for mortality at the oldest ages. In addition, we 
have recently come to understand that some of 
the major chronic conditions of old age are disa- 
bling but not lethal conditions, leading to a shift 
in focus from mortality as an outcome to disa- 
bility and functioning loss. Decrements in men- 
tal and physical conditions are now recognized 
as a major cause of disability and functioning 
loss, leading to an emphasis on understanding 
the etiology, prevention, and treatment of these 
conditions. All of these changes set the stage for 
new approaches to studying changes in late-life 
health and an improved understanding of the 
processes leading to health change from chronic 
disease to “aging” itself. 

Until the advent of sample surveys about 
60 years ago, demographic analysis of health 
was generally limited to the outcome of mor- 
tality. Data from surveys provided the oppor- 
tunity to study additional health indicators 
including self-reports of functional difficul- 
ties, diseases, and overall health. The wealth 
of variables available to measure “health” in 
these surveys has led to multiple attempts to 
conceptualize the process of health change. 
Work produced by groups working under the 
auspices of the World Health Organization and 
the Institute of Medicine in the United States 
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FIGURE 3.1 The morbidity process. Source: Adapted from Crimmins et al. (2010). 


(World Health Organization, 1999), as well as 
by individual researchers (Verbrugge & Jette, 
1994), has provided important foundations 
for understanding the meaning and linkages 
between various dimensions of health. Building 
on this work, we have outlined a model of the 
“morbidity process” which describes popula- 
tion-level changes in health (Crimmins, Kim, & 
Vasunilashorn, 2010). In populations, this pro- 
cess begins with physiological changes char- 
acterized by the onset of risk factors indicating 
physiological dysregulation. This then results 
in the onset of disease and functioning loss, 
followed by frailty (a state characterized by a 
loss of organ reserve and severe physiologi- 
cal deterioration), and the ultimate outcome: 
death (Figure 3.1). This model can be used to 
classify the physiological or biological changes 
that occur with aging to clarify that it is a pro- 
cess that involves multiple health dimensions, 
for populations dimensions change in a staged 
fashion, and that intervention to retard the pro- 
cess can occur at any stage of the process. 

The dimensions of the morbidity process 
contrast with the disablement process in that 
the morbidity process focuses on health change 
intrinsic to a person while the disability pro- 
cess is, by definition, influenced by environ- 
mental circumstances (Verbrugge & Jette, 1994). 
Certainly the likelihood of having any health 
problem is affected by interaction with the envi- 
ronment, such as taking drugs or behaving in 
certain ways; but for the dimensions of morbid- 
ity, environmental conditions are not intrinsic 
to the definition as they are with disability, but 
rather the health change occurs “within the 
skin” of the individual. While much research 
on the health of older people has focused on 


the dimension of disability, and trends in it 
(Cai & Lubitz, 2007), Beltran-Sanchez, Razak, 
and Subramanian (2014) recently argued for 
more focus on disease and biological risk in 
assessing trends in health. They make the case 
that both significant health change and sig- 
nificant health expenditures have generally 
occurred before disability. Our focus on the mor- 
bidity process dovetails with this suggestion. 
With the integration of biological risk into 
demographic analyses, the study of health out- 
comes has expanded to include risk factors that 
occur prior to clinically diagnosed disease and 
disability, or the beginning of the process of 
change. Differential and change in the begin- 
ning of the process of health change is impor- 
tant to monitor since it indicates a potential time 
for intervention to delay or halt the process. 
Biomarkers have also been identified for pro- 
cesses later in the morbidity process (e.g., func- 
tioning loss, loss of organ function, or frailty). 


THE EXPANDED 
BIODEMOGRAPHIC MODEL 
OF HEALTH 


Multiple and complex life circumstances 
drive patterns of population morbidity and 
mortality. Demographic researchers have uti- 
lized increasingly broader models of pop- 
ulation health though the integration of 
multidisciplinary perspectives. For decades, 
demographic analyses of mortality focused on 
population subgroup differences including age, 
sex, race, and socioeconomic status (SES) with- 
out considering the social, economic, psycho- 
logical, and physiological pathways through 
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which traditional “demographic” variables 
impact health and mortality. Recently a sig- 
nificant body of literature has introduced. bio- 
logical measurement as a way to improve or 
clarify how both the traditional demographic, 
and the social, economic, psychological, and 
environmental factors get “under the skin” to 
affect health (e.g., Seeman & Crimmins, 2001; 
Seeman, Epel, Gruenewald, Karlamangla, & 
McEwen, 2010). 

The heuristic model presented in Figure 3.2 
provides a general overview of the multiple 
and interacting lifetime circumstances through 
which these factors affect biology and down- 
stream health outcomes (Crimmins & Seeman, 
2004; Seeman & Crimmins, 2001; Vasunilashorn 
& Crimmins, 2008). The figure is heuristic in 
that there are many unrepresented arrows and 
concepts; there are influences in both direc- 
tions, and there are some overarching variables 
that are likely related to all of the boxes and set 
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the context in which other relationships occur: 
national, neighborhood, and policy contexts. 
Genetic endowment is also an overarching vari- 
able; not only determining sex and race but also 
predisposing to elevated risks for disease, loss 
of functioning, and mortality. Although race/ 
ethnicity and SES are included in the model 
below as variables exogenous to the process 
of health change, these variables also provide 
information on overarching contextual factors. 
That is, the links between boxes in our model 
may be quite different for individuals in varied 
demographic and social subgroups. 

The box labeled “Biological Risk” (Figure 
3.2) depicts some of the physiological path- 
ways through which social, economic, psy- 
chological, behavioral, and healthcare factors 
can affect subsequent health outcomes. Many 
additional biological mechanisms could be 
listed, as the ones illustrated serve merely as 
examples. Most large population studies with 


Mortality 


Demographic 
Factors Health Behaviors 
Age Exercise 
Sex Drinking 
Race/ethnicity Diet 
Nativity Smoking 
Social Psychological 
SES Factors 
Education Social support 
income Personality 
Wealth Health Care 
Occupation Access 
; Insurance coverage 
Neighborhood 
Medication use 


Biological Risk 


Cardiovascular risk 


All cause & cause-specific 


Chronic diseases and 


Metabolic factors conditions 


Inflammation and 
infection markers 


Disability 


Physical functioning 
HPA and SNS markers -#—> 


Frailty 
Vitamin/minerals 


Mental functioning 
Antioxidant status 


a Cognitive functioning 
Cognitive risk 

Gene expression and 
methylation 


ooo 


FIGURE 3.2 Demographic, socioeconomic, behavioral, and biological influences on health outcomes. SES, socioeco- 
nomic status; HPA, hypothalmic pituitary axis; SNS, sympathetic nervous system. Source: Vasunilashorn and Crimmins (2008). 
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indicators of biological risk include cardiovas- 
cular, metabolic, and inflammatory indicators 
(see the Appendix for a list of biomarkers often 
included in large studies, their sources, related 
conditions, and some of the studies in which 
they have been included). 

The heuristic model also indicates how the 
outcomes investigated have grown in recent 
years. Demographers generally no longer feel 
that mortality provides a complete picture of 
health in an aging population. Declines in cog- 
nitive function, disability, functioning loss, and 
frailty are all important in understanding the 
costs and consequences of health change in old 
age. The recognition that a large proportion 
of disability is caused by nonfatal conditions 
including cognitive and physical functioning 
problems is one of the reasons that longer life 
is not necessarily accompanied by better health 
(Crimmins & Beltran-Sanchez, 2011). 


MEASURING BIOMARKERS IN 
POPULATION STUDIES 


A key characteristic of most biodemo- 
graphic work is that it examines health in rep- 
resentative population samples. This allows 
generalizations to be drawn about popula- 
tion characteristics and processes, and it has 
resulted in incorporating biological measure- 
ment into the large sample surveys that are 
the major data source of current biodemo- 
graphic work. Significant biological, medical, 
and epidemiological knowledge identifying 
major risk factors for the diseases and condi- 
tions important in older populations has been 
developed using large-scale community and 
population studies, including the Framingham 
Heart Study and the National Health and 
Nutrition Examination Survey, and this has 
provided the basis for including measurement 
of biology in large surveys. Changes in technol- 
ogy have also enabled collection of biomark- 
ers using less invasive methods of collection, 


better preservation of samples in the field, 
and advancing technological developments 
in laboratory methods (McDade, Williams, & 
Snodgrass, 2007). These developments include: 
(1) the collection of blood samples using dried 
blood spots which can be accomplished by non- 
trained personnel, (2) the collection of DNA 
from saliva for genetic analysis using special 
containers housing a preservative that does not 
require special handling or refrigeration, (3) the 
collection of RNA using special collection and 
methods of preservation, and (4) new sources 
of samples such as hair. 

Many of the health outcomes important in 
older age have broadly overlapping biologi- 
cal risk factors, for example, cardiovascular 
disease (CVD), disability, cognitive loss, and 
death, because physiological changes across 
systems in the body are often interrelated and 
because decline in one system may be related 
to declines in others. This has encouraged the 
inclusion of a small number of core biomark- 
ers in many studies with an increasing prolif- 
eration of additional markers as techniques for 
collection and assay from populations improve 
(Weinstein, Vaupel, & Wachter, 2008). 

Many large US studies of older populations, 
for example, the Health and Retirement Study 
(HRS) and the National Social Life, Health and 
Aging Project (NSHAP), now include biomark- 
ers. These are studies of nationally representa- 
tive samples whose data are collected by an 
interviewer and not trained medical personnel. 
Some smaller, less representative samples with 
extensive biomarker data collected in hospi- 
tal or clinical settings also exist, for example, 
Midlife in the United States (MIDUS). Many 
of the HRS family of international studies, 
including the English Longitudinal Study of 
Ageing (ELSA), the Survey of Health, Ageing 
and Retirement in Europe (SHARE), the China 
Health and Retirement Longitudinal Study 
(CHARLS), the Mexican Health and Aging 
Study (MHAS), and the Longitudinal Study 
of Aging in India (LASI), have or are in the 
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process of collecting biomarkers. Other studies 
that also collect biologic information include 
the Social Environment and Biomarkers of 
Aging Study (SEBAS) and the Study on Global 
Ageing and adult health (SAGE), and this list 
expands each year (see the Appendix for a list 
of studies). 

The biomarkers included in surveys gener- 
ally include cardiovascular and metabolic risk 
factors and increasingly include markers of 
inflammation. Markers of organ functioning 
(e.g., lung, kidney, and liver function) can also 
be collected at the same time as the other meas- 
ures. Some are based on exam measures (e.g., 
blood pressure, height, weight, waist circumfer- 
ence), some on a blood sample (e.g., cholesterol, 
glycosylated hemoglobin (HbA1c), C-reactive 
protein (CRP), cystatin C (to indicate kidney 
function)), and some are based on performance 
(e.g., peak flow for lung function). These mark- 
ers include indicators of frailty, organ function- 
ing, and disability as well as risks for conditions 
associated with aging. Performance tests of bal- 
ance, walking speed, grip strength, and ability 
to stand from a seated position are also indi- 
cators of both frailty and disability which are 
increasingly being included in the set of stud- 
ies with other biomarkers. For a more detailed 
discussion of biomarkers of aging and the bio- 
markers included in studies, see Crimmins, 
Vasunilashorn, Kim, and Alley (2008) and 
Harris, Gruenewald, and Seeman (2007). 

While biomarkers may more or less reflect 
one type of physiological activity, they inter- 
act within an organism. This interactive and 
cumulative aspect of physiological change has 
led to a view that small changes across a num- 
ber of systems may be as, or more, important 
to the health and functioning of a person as a 
large change in a single system. This is the idea 
behind the concept of allostatic load, which has 
been an important framework in guiding the 
development of many biodemography stud- 
ies (Crimmins & Seeman, 2004; McEwen, 2004; 
Seeman, McEwen, Rowe, & Singer, 2001). The 


literature on allostatic load initially focused on 
stress as a disruption in regulation of several 
physiological systems, including the sympa- 
thetic nervous system (SNS), immune system, 
hypothalamic—pituitary—adrenal (HPA) axis, 
inflammatory responses, and cardiovascular 
system. Chronically high levels of stress can 
result from continued exposure to adverse 
environmental conditions (e.g., occupations 
that expose individuals to harmful ultraviolet 
rays) or psychological stressors (e.g., job stress, 
family stress, financial constraints, or being a 
caregiver for a family member). The measure- 
ment of stress in large populations has lagged 
behind measurement of some of the other rel- 
evant processes. But the advent of assays from 
hair that reflect stress over the period when the 
hair was growing make it likely that this type 
of measurement will be accomplished in large 
populations in the near future. 


USE OF BIOMARKERS IN 
ASSESSING POPULATION HEALTH 
AND HEALTH CARE USE AND ITS 

EFFECTIVENESS 


Data on some biomarkers allows researchers 
to assess population health and effectiveness of 
health care at the same time. Blood pressure is 
one of the most commonly measured biomark- 
ers, and there are clear clinical guidelines above 
which blood pressure is considered a risk for 
CVD. Such guidelines for clinical practice dic- 
tate that taking medication is appropriate and 
incorporating both blood pressure measure- 
ment and self-reported information can provide 
estimates of both population health and effec- 
tiveness of treatment at the population level. 
Information on measured biomarkers, respond- 
ent reports of diagnosis by a medical clinician, 
and reports of prescription drug usage for 
blood pressure can be used to divide the pop- 
ulation into four groups: (1) those who do not 
have high blood pressure, (2) those with high 
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TABLE 3.1 Hypertensive States Based on 
Measurement of Systolic Blood Pressure (>140), Report 
of Doctor Diagnosis, and Use of Medication 


Panel A. Samples of the Health and Retirement Study 


and the Nihon University Japanese Longitudinal Study 
of Aging: 68 years of age and older 


United States Japan 

(2006) (%) (2006) (%) 
Healthy 24.0 17.8 
Controlled 36.5 8.0 
Undiagnosed 11.9 44.3 
Uncontrolled 27.6 29.9 


Panel B. Samples of the China Health and Retirement 
Longitudinal Study of Aging and the Indonesia Family 
Life Survey: 68 years of age and older 


China Indonesia 
(2011) (%) (2007/2008) (%) 
Healthy 41.6 29.8 
Controlled 12.6 3.6 
Undiagnosed 24.0 44.2 
Uncontrolled 21.9 22.4 


blood pressure who are unaware due to no 
prior diagnosis, (3) those previously diagnosed 
with high blood pressure who are currently tak- 
ing medication and currently do not have ele- 
vated blood pressure or those with controlled 
blood pressure, and (4) those who are currently 
taking medication and still have elevated blood 
pressure. These groups can be collapsed to 
highlight two subpopulations: (1) those who 
have ever had or who now have high blood 
pressure provide an indication of the health 
of the population, and (2) those who were not 
diagnosed or not controlled with medication 
indicate problems in the medical care system. 
Using HRS data for the US population age 
68+, we see that about a quarter of Americans 
in this age range currently have no problem 
with high blood pressure (24%) (Table 3.1, 
Panel A). Only a small number of Americans 


who have high blood pressure are not diag- 
nosed (11.9%). The largest group of Americans 
is those who are taking antihypertensives and 
who have controlled blood pressure (36.5%). 
It is also true that a large group of Americans 
who are on medication still have high blood 
pressure (27.6%). One can draw the conclu- 
sion from this that three-fourths of Americans 
within this age group have a problem with 
high blood pressure and that about 40% are not 
diagnosed or not being treated effectively. 

This approach can be used to compare the 
United States to other countries. Blood pres- 
sure was recently measured in a_ national 
sample of older Japanese who can be com- 
pared to Americans of the same age. Japan is 
a particularly appropriate comparison as it is 
well-known that Japan is a country with excep- 
tionally long survival and high life expectancy 
while, relative to other developed countries, 
the United States has relatively low life expec- 
tancy (Crimmins, Preston, & Cohen, 2011). 
Surprisingly, when categories for blood pres- 
sure and treatment management for Japan are 
determined, Japan looks neither healthy nor 
effective in their medical system. Relative to 
Americans, an even smaller percentage of the 
Japanese have no problem with high blood 
pressure (only 17.8%). On the other hand, 
almost half of the Japanese have undiagnosed 
high blood pressure (44.3%) and control of 
blood pressure is relatively rare among those 
who take medications (8.0% out of 37.9%). This 
would indicate that the relative mortality of 
Americans and Japanese occurs in spite of the 
fact that Americans have less high blood pres- 
sure and are more effective at treating it. 

Similar data from two studies in develop- 
ing countries that have recently collected bio- 
markers in national samples further indicate 
the importance of adding these measured data 
to respondent reports in these countries where 
self-reports do not indicate the extent of the 
blood pressure problem. The China Health 
and Retirement Longitudinal Study and the 
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Indonesia Family Life Study both include meas- 
ured blood pressure in their studies, along with 
reports of medication use and knowledge of 
the presence of hypertension (Table 3.1, panel 
B). The proportion without high blood. pres- 
sure is relatively high in China (41.6%) and 
higher in Indonesia than the United States or 
Japan (29.8%). However, the majority of those 
who have high blood pressure in Indonesia do 
not know they are hypertensive (44.2% out of 
70.2%). In contrast, this is true for about 41% 
(24.0% out of 58.5%) of adults in China with 
hypertension. It becomes clear that it is difficult 
to understand population blood pressure with- 
out measuring it directly and asking questions 
about prior diagnosis and drug usage. 

Similar analyses can be conducted for cho- 
lesterol and glycosylated hemoglobin (HbAIc), 
which is an indicator for diabetes and/or the 
control of glucose among diabetics. As an 
example of an investigation for cholesterol, 
Merkin et al. (2009) reported that educational 
differentials in the prevalence of high choles- 
terol in the United States arose from choles- 
terol screening rather than awareness among 
those screened, medication use, or effectiveness 
of medication use (Table 3.2). People who had 
less than a high school education had screening 
rates for high cholesterol that were about two- 
thirds of people with more than a high school 
education (53.0% versus 78.6%). Once screen- 
ing was accounted for, the education groups 
had similar levels of awareness, medication 
use, and control. This highlights where in the 
process attention is needed to equalize risk 
from high cholesterol. It also indicates that once 
Americans have gotten into the medical care 
system, all education groups appear to do the 
same at having cholesterol control. 

Similar indicators can be used to clarify 
trends in risk and treatment of risk. There has 
been a dramatic drop in recent years in meas- 
ured high blood pressure in the older American 
population. From 1999-2000 to 2003-2006, 
measured high systolic blood pressure (SBP) 


TABLE 3.2 Levels of High Cholesterol Screening, 
Awareness, Treatment, and Control in the United States. 
Population by Education. NHANES 19990 2002, Ages 
20-65, Age-Adjusted 


Awareness Medication Control % 
% (among use % (of those 
the (among screened, 
screened screened, aware, 
Screened withhigh prevalent, prevalent, 
% cholesterol) aware) treated) 
Total 70.5 52.4 77.2 60.9 
<High 53.0 56.4 80.7 53.1 
school 
education 
High 66.2 57.5 75.6 55.9 
school 
>High 78.6 48.4 80.1 71.5 
school 
education 


Source: Merkin et al. (2009). 


dropped from being observed in more than 
half the population (52.3%) to just over a third 
(36%) (Crimmins et al., 2010). This change in 
measured hypertension is largely explained by 
the increasing use of and improving efficacy of 
drugs rather than a decrease in the likelihood of 
being diagnosed with either of these risk factors. 
Figure 3.3 indicates that the proportion of the 
older male and female populations diagnosed 
with hypertension stayed virtually constant 
from 1999-2000 through 2005-2006 while the 
prevalence of measured hypertension fell. At the 
same time medication use increased among both 
men and women and users of medication were 
more likely to have controlled blood pressure at 
the later date (Crimmins et al., 2010). The story 
for cholesterol in this period is similar: the use 
of drugs increased markedly, and the measured 
levels of cholesterol have decreased. 

As data from longitudinal studies with bio- 
markers at multiple time points become avail- 
able, change in biomarkers within individuals 
over time is starting to be examined. Using 
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FIGURE 3.3 US time trend in high blood pressure: measured high, use of medication, and measured high + medication 


use (NHANES 1999-2006). Source: Crimmins et al. (2010). 


data on body mass index (BMI) over 15 years 
from the nationally representative American’s 
Changing Lives study, Ailshire and House 
(2011) examined social disparities in trajecto- 
ries of BMI among individuals during a time of 
rapid weight gain in the United States. They find 
increasing social disparities in weight resulting 
from complex interactive effects of gender, race, 
SES, and age. Among people aged from 25-39 
to 45-54, black women with low-education 
and income experienced the greatest increase 
in BMI, while white men with high education 
and income experienced the least increase in 
BMI. It is important to understand the life cycle 


patterning in change in risk in order to under- 
stand the timing of downstream outcomes. 


SUMMARY INDICES OF 
BIOLOGICAL RISK 


While individual indicators of biological risk 
have been predictive of poor subsequent health 
outcomes such as morbidity, disability, and mor- 
tality among older persons, researchers have 
attempted to develop summary indicators of risk 
across multiple systems to better predict down- 
stream outcomes and assess population health 
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(Crimmins & Seeman, 2004; Goldman, Turra, 
Glei, Lin, & Weinstein, 2006; Karlamangla, Singer, 
McEwen, Rowe, & Seeman, 2002; Karlamangla, 
Singer, Seeman, 2006; Seeman et al., 2001; Wang 
et al., 2007). The rationale behind these measures 
is that small physiological change in multiple 
systems may be very important in preventing 
older persons from maintaining health and func- 
tioning and that the accumulation of dysregula- 
tion across multiple systems provides the best 
indicator of an individual’s overall health. 

One of the earliest attempts to summarize 
multiple biological indicators into an index 
predicting risk of mortality and cardiovas- 
cular events was the Framingham Risk Score 
(Wilson et al., 1998). This score has been widely 
used both in research and in clinical practice. It 
combines biological indictors with a behavio- 
ral indicator of smoking to predict the 10-year 
likelihood of a cardiovascular event or mortal- 
ity. Metabolic syndrome is another summary 
measure that is in use in both clinical practice 
and research (Karlamangla, Merkin, Crimmins, 
& Seeman, 2010). 

Allostatic load has become a highly used 
summary index for research that combines 
some of the indicators from the Framingham 
Index and metabolic syndrome with others. 
This index of physiological dysregulation across 
many systems was developed in the MacArthur 
Study of Successful Aging and has been related 
to the major outcomes of aging including mor- 
tality, disease onset, loss of physical and cogni- 
tive functioning, and mortality (Gruenewald, 
Seeman, Karlamangla & Sarkisian, 2009; 
Karlamangla et al., 2006; Seeman et al., 2001). 
The initial allostatic load score included 10 bio- 
logical markers representing activity in the 
metabolic, cardiovascular, inflammation, HPA, 
and SNS (Seeman, Singer, Rowe, Horowitz, & 
McEwen, 1997). Subsequent adoption of the 
index in studies with fewer measured biomark- 
ers has led to operationalization in multiple 
ways but with intent to include many physio- 
logical systems. In addition, while allostatic load 


was initially the equally weighted sum of the 
total number of elevated-risk biomarkers, alter- 
native formulations have been developed based 
on canonical correlation analysis and recursive 
partitioning in order to address the issue that 
some biomarkers may differentially predict 
health outcomes (Gruenewald, Seeman, Ryff, 
Karlamangla, & Singer, 2006; Gruenewald et al., 
2006; Karlamangla et al., 2002, 2006; Turra et al., 
2005; Vasunilashorn, Best, Kim, & Crimmins, 
2014; Zhang & Singer, 1999). 

In a somewhat different approach, Levine 
(2013) has combined information on multiple 
biological systems to quantify “Biological Age” 
or the age of an individual indicated by his or 
her physiological dysregulation relative to 
those in the population. It can be compared to 
chronological age to indicate whether someone 
is aging faster or slower than the average per- 
son of that age. Ten indicators covering multiple 
physiological systems are included in Biological 
Age: glycocylated hemoglobin (HbAtc) total 
cholesterol, systolic blood pressure, forced 
expiratory volume, serum creatinine, serum 
urea nitrogen, serum alkaline phosphatase, 
serum albumin, C-reactive protein (CRP), and 
cytomegalovirus (CMV). A recent comparison 
of mortality prediction using biological age, the 
Framingham Risk Score, and a version of allo- 
static load found that Biological Age had the 
strongest association with all-cause and cancer 
mortality, while the Framingham Risk Score 
had the strongest association with mortality 
from CVD (Levine & Crimmins, 2014b). 

Another approach to classifying biologi- 
cal risk uses factor analysis to group biomark- 
ers into system-specific factors (Kubzansky, 
Kawachi, & Sparrow, 1999; Nakamura & 
Miyao, 2003; Sakkinen, Wahl, Cushman, 
Lewis, & Tracy, 2000). Following on this, 
Vasunilashorn et al. (2014) used latent class 
analysis to identify older individuals who share 
similar physiological indicators and function- 
ing profiles. They include both biological and 
functioning indicators since both are predictive 
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of future health problems and mortality in 
the older population. Indicators included are 
diastolic and systolic blood pressure, glycated 
hemoglobin, BMI, albumin, CRP, fibrinogen, 
glycated hemoglobin, total cholesterol, high- 
density lipoprotein cholesterol, timed walk, 
timed test of balance, tests of cognitive func- 
tioning, and indicators of kidney and lung 
function. People with profiles that include 
high-risk levels of inflammation, blood pres- 
sure, and frailty were more likely to die within 
the next 5 years than individuals classified as 
not high-risk. This methodological approach to 
using multiple indicators obtained at one time 
point seems an appropriate means of classify- 
ing individuals based on multiple biological 
and functioning indicators that represent func- 
tioning across several physiological systems. 

Another approach to computing a biomarker 
summary score includes recursive partitioning 
of individuals into low, intermediate, and high 
allostatic load categories. This identifies a set of 
predictor biomarker variables and defines a well- 
established outcome, such as mortality. The algo- 
rithm searches among the predictor biomarker 
variables and their cutpoints to determine the 
best single predictor variable and its correspond- 
ing cutpoint, with individuals partitioned to two 
groups based on the cutpoint and outcome cate- 
gories (Zhang & Singer, 1999). Gruenewald et al. 
(2006) illustrated the utility of regressive parti- 
tioning techniques to identify biomarker clas- 
sifications predictive of 12-year mortality in the 
MacArthur Studies of Successful Aging. 

All of the summary measures have been used 
to provide evidence of socioeconomic and racial 
differences in biological risk. A review of the 
use of allostatic load in evaluating differentials 
by SES concludes that allostatic load is higher 
among those of lower SES and lower among 
those of higher status (Szanton, Gill, & Allen, 
2005). A recent paper has shown that perceptions 
of status, as well as absolute status, also affect 
the level of allostatic load (Seeman, Merkin, 
Karlamangla, Koretz, & Seeman, 2014). Several 


analyses have provided evidence of the life 
cycle linkages between SES and allostatic load 
(Gruenewald et al., 2012; Merkin, Karlamangla, 
Diez Roux, Shrager, & Seeman, 2014). 

Biological risk measures comprised of a 
subset of the markers generally included 
in allostatic load have demonstrated differ- 
ences by education, income, and race/eth- 
nicity (Geronimus, Hicken, Keene, & Bound, 
2006; Seeman et al., 2008) and clarified that the 
Hispanic paradox does not extend to biologi- 
cal risk (Crimmins, Kim, Alley, Karlamangla, 
& Seeman, 2007). This approach has also been 
used to demonstrate changes over time in the 
risk experienced by men and women. The find- 
ing that women appear to have experienced 
relative deterioration in biological risk helps 
to explain why they were also experiencing 
deterioration in relative mortality (Kim, Alley, 
Seeman, Karlamangla, & Crimmins, 2006). An 
examination of differences in a summary indi- 
cator of biological risk by age and poverty sta- 
tus found higher biological risk among the poor 
before old age; however, differences became 
nonsignificant at older ages. Linking biological 
risk and mortality showed that socioeconomic 
differences in risk disappeared at older ages 
because of mortality differences at earlier ages 
related to higher biological risk. Life expectancy 
is associated with both biological risk and pov- 
erty status. In the US population aged 20 and 
older, those with high biological risk had a life 
expectancy 6 years lower than those with low 
risk who had the same poverty status and gen- 
der (Crimmins, Kim, & Seeman, 2009). 

Measurement of Biological Age in a national 
sample of American whites and blacks showed 
that at a given chronological age, blacks are 
approximately 3 years older biologically than 
whites (Levine & Crimmins, 2014a) (Figure 
3.4). The size of the differences varies by age, 
increasing from age 30-39 to ages 60-69 and 
then declining, presumably due to mortality 
selection. In addition, racial differences in bio- 
logical age were found to completely account 


Il. SOCIAL STRUCTURES AND PROCESSES 


66 3. BIODEMOGRAPHY: ADDING BIOLOGICAL INSIGHT 


(black-white) 


Race differences in biological age 


30-39 40-49 50-59 60-69 70-79 80-89 
-1 Age category 


FIGURE 3.4 Race differences in adjusted mean biological age by 10-year chronological age groups. Source: Levine and 
Crimmins (2014a). Models adjusted for age, sex, education, BMI, and smoking. Bars represent standard errors of adjusted means. 
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FIGURE 3.5 Percent with high or very high cardiovascular risk, United States and Europe (SHARE): 50-54 year olds. 
Source: Crimmins, Solé-Auré, et al. (2011). 
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FIGURE 3.6 Percent with high or very high cardiovascular risk by education, United States and Europe. Source: 


Crimmins, Solé-Auré, et al. (2011). 


for higher levels of all-cause, cardiovascular, 
and cancer mortality among blacks. 

The Framingham risk score has also been used 
to provide evidence of strong socioeconomic and 
race/ethnic differences in cardiovascular risk in 
the United States (Karlamangla et al., 2010). An 
adaptation of the Framingham risk score has 
been used to address differences in cardiovascu- 
lar risk between the United States and Europe 
(Crimmins, Solé-Auré, & Kim, 2011). This analy- 
sis of cardiovascular risk for persons aged 50-54 
supported the idea that Americans enter older 
age less healthy that Europeans; and that women 


of low education in the United States are par- 
ticularly disadvantaged. The percentage of 
US men at high risk for a cardiovascular event 
exceeds the European percentage by about 30%; 
for women the US excess is 150% (Figure 3.5). 
The educational differences are particularly 
large in the United States. Among American 
women with low education, three to four times 
as many are in the high cardiovascular risk 
group compared to European women with the 
same education (Figure 3.6). The difference 
between the two categories of education is par- 
ticularly large for American women (Figure 
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3.6). This disadvantage in risk factors and dis- 
ease by middle age is undoubtedly at the root 
of the differences in life expectancy between 
Europe and the United States, the strikingly 
poor performance of the trends in mortality for 
American women, and the larger SES differ- 
ences in mortality in the United States relative 
to Europe (Crimmins, Preston, et al., 2011). 


GENETIC MARKERS AS A NEW 
FRONTIER 


Genetic markers are another group of indica- 
tors that have recently been included in a number 
of population studies. The inclusion of genetic 
markers in analysis is likely to increase markedly 
over the next few years. Most markers to date 
are derived from DNA and thus represent inher- 
ent health risks to the individual. Until recently 
only a few genetic indicators of single nucleotide 
polymorphisms (SNPs) or other markers had 
been included in population studies. The most 
commonly examined candidate genetic indica- 
tor, and the marker with the greatest evidence of 
association with multiple age-related health out- 
comes is apolipoprotein E (APOE). Studies have 
found elevated risk for late-onset Alzheimer’s 
disease among people with the APOE-e4 allele 
(Corder et al., 1993; Poirier et al., 1993), as well 
as increased risk for CVDs (Schilling et al. 2013). 
While the effects of the APOE gene are relatively 
strong, in general the results of research examin- 
ing the association of candidate genes on health 
outcomes has not indicated clear-cut relation- 
ships between health and longevity and speci- 
fied candidate markers from DNA (Christensen, 
Johnson, & Vaupel, 2006). 

In the last 2 years the availability of genetic 
information on large samples has increased rap- 
idly and has changed the approach of many 
studies. The US Health and Retirement Study 
currently presents the largest sample with the 
most genetic information in adult populations. 
Genotyping of samples from HRS was performed 


by the NIH Center for Inherited Disease Research 
using the IIlumina Human Omni-2.5 Quad bead- 
chip, with coverage of approximately 2.5 million 
SNPs. This now allows genome-wide associa- 
tion studies (GWAS) to explore links between 
genetic markers and traits, behaviors, biological 
indicators, or health outcomes. In this capacity, 
most social scientists are not interested in dis- 
covering genes but in determining the relevance 
of genetics within social science research (Freese, 
2008; Freese & Shostak, 2009). The ultimate aim 
of many is to uncover gene-environment inter- 
actions that can help explain why some people 
are at greater risk for certain outcomes, and this 
knowledge can be used to counsel people at high 
risk for specific behaviors or lifestyles (Boardman, 
Blalock, & Pampel, 2010; Boardman et al., 2011). 
Up to now, researchers searching for links 
between social science outcomes, for example, 
obesity, depression, have not found many genetic 
markers that meet the significance level expected 
by geneticists (0.05 x 10-). This has been true 
even with very large samples. For this reason, it 
is becoming increasingly common for social sci- 
entists to combine the effect of many genes with 
somewhat lower levels of significance into a risk 
score with the view that genetic influences on 
the complex conditions of old age result from the 
small effects of many genes. This approach based 
on GWAS results combines the effects of multiple 
genetic markers into a Polygenic Risk Score (PRS) 
which represents the “genetic burden” associ- 
ated with a phenotype (Belsky & Israel, 2014; 
Belsky, Moffit, & Caspi, 2013; Wray, Goddard, 
& Visscher, 2008). PRS constructed by weight- 
ing the SNP-specific coefficients from the GWAS 
(Dudbridge, 2013) have been used to estimate 
genetic links to obesity (Domingue et al., 2014), 
obesity patterns over many years (Belsky et al., 
2012), depressive symptoms across multiple 
waves in an aging population (Levine, Crimmins, 
Prescott, Arpawong, & Lee, 2014), and the course 
of childhood asthma (Belsky & Sears, 2014). 
Additional genetic measures that are 
changed with life circumstances are increasingly 
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becoming available in large population studies. 
Telomere length is seen as a generalized marker 
of aging that changes with the stress of life cir- 
cumstances and the individual rate of aging. 
Telomeres shorten with replication, suggest- 
ing that shorter telomeres are an indication of 
more rapid aging. Shorter telomeres have been 
related to morbidity (Demissie et al., 2006), mor- 
tality (Cawthon, Smith, O’Brien, Sivatchenko, & 
Kerber, 2003), and stressful circumstances (Epel 
et al., 2004). 

Among the US National Health and Nutrition 
Examination Study (NHANES) sample of adults, 
telomeres have been found to be shorter among 
those with lower education, those who smoke, 
and the obese (Needham et al., 2013). Recent 
research in England has suggested that shorter 
telomeres are associated with allostatic load and 
reduced psychosocial resources (Zalli et al., 2014). 

The next frontier for social researchers 
is analysis of gene expression (Cole, 2013). 
Expression analysis, based on RNA, indicates 
that the human genome responds to life cir- 
cumstances with different gene expression 
programs. Negative conditions such as stress 
(Creswell et al., 2012), loneliness (Cole et al., 
2007), and caring for a cancer patient (Rohleder, 
Marin, Ma, & Miller, 2009) have been associated 
with changes in gene expression that increase 
risk for a variety of poor health outcomes. 
Positive conditions such as psychological well- 
being can change gene expression in a way 
that should promote health (Fredrickson et al., 
2013). Low SES and adverse childhood circum- 
stances have also been related to changes in 
gene profiling among children (Chen, Miller, 
Kobor, & Cole, 2010; Miller & Chen, 2006) and 
these effects have been shown to persist until 
adulthood (Chen et al., 2010; Miller et al., 2009). 


SUMMARY 


The breadth and depth of biodemographic 
research is undergoing rapid advances in 


methodologic developments, access to popula- 
tion-level data, and formulation of theoretical 
frameworks. As our knowledge of the com- 
plexities of the biological, psychological, social, 
and environmental factors influencing aging 
expands, the need to address the more nuanced 
questions pertaining to population-level health 
becomes increasingly vital to improving health 
both within and across populations. The availa- 
bility of several on-going, longitudinal popula- 
tion-based surveys with biological information 
across multiple countries will open new doors 
for intellectual inquiry into the general aging 
process, differences in health and aging across 
populations, trends in health over time, and 
mechanistic pathways that exacerbate differ- 
ences in population health. This represents a 
marked outgrowth from the origins of demog- 
raphy, and the next few years bring great 
promise to addressing the next frontiers of bio- 
demographic research. 


APPENDIX: INFORMATION ON 
BIOMARKERS OFTEN USED IN 
SOCIAL SCIENCE RESEARCH 


There are several publications that provide 
general information on this topic. Volumes 
produced under the National Academy of 
Sciences serve as a good introduction: Between 
Zeus and the Salmon (Wachter, Finch, & 
National Research Council Committee on 
Population, 1997); Cells and Surveys: Should 
Biological Measures Be Included in Social 
Science Research? (Kinsella, Vaupel, & Finch, 
2001); Biosocial Surveys (Weinstein, Vaupel, & 
Wachter, 2007). 

Extensive information on individual bio- 
markers is included in several articles including 
Crimmins et al. (2008). Below a list of biomark- 
ers regularly included in social studies along 
with their health-relatedness, source, and inclu- 
sion in a specified multisystem index is provided 
(Table Al). Table A2 provides a listing of some 
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TABLE A1_ Selected Biomarkers, Related Conditions, Sample Source, and Inclusion in Composite Indices 


Category Biomarker Related condition/assessment Sample source Multisystem index 
Blood pressure Systolic BP Cardiovascular functioning Exam AL, BA, FRS 
Diastolic BP AL 
Pulse AL 
Lipids Total cholesterol Cardiovascular/metabolic risk Blood AL, BA, FRS 
HDL cholesterol AL, FRS 
LDL cholesterol 
Triglycerides 
Obesity, HbA1c Metabolic risk, diabetes Blood AL, BA 
metabolic, 
insulin-telated Plasma glucose Blood 
BMI and waist-hip ratio Metabolic risk Exam AL 
Inflammation Albumin Inflammation, nutrition Blood AL, BA 
C-reactive protein Inflammation, nutrition Blood AL, BA 
IL-6 Inflammation AL 
Infection Epstein-Barr virus Immune response, stress Blood 
Cytomegalovirus Immune response Blood BA 
Endocrine/ Cortisol Stress Blood, urine, saliva AL 
neuroendocrine Eemeohane Urine Al 
Norepinephrine Urine AL 
Kidney Cystatin C Kidney functioning Blood 
Creatinine Blood/urine AL, BA 
Urea nitrogen BUN Blood BA 
Liver Alkaline phosphatase Liver functioning Blood BA 
Lung Forced expiratory volume — Lung functioning Performance BA 


Genetic markers 


DNA 
RNA 
Telomere length 


Methylation 


Aging, disease, mortality 


Blood, saliva 


Blood 


BP = blood pressure; HDL = high density lipoprotein; LDL = low density lipoprotein; HbA1c = glycosylated hemoglobin; BMI = body mass index; IL 
= interleukin; BUN = blood urea nitrogen; DNA = deoxyribonucleic acid; RNA = ribonucleic acid; AL = allostatic load; BA = biological age; FRS = 


Framingham risk score. 
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TABLE A2_ National Study, Type of Blood Samples Collected, Blood-Based Assays Done 


Samples 
Study collected Assays done 
HRS FAMILY OF STUDIES 
Health and Retirement Study — Blood (DBS), Total cholesterol, HDL cholesterol, HbA1c, CRP, cystatin C, DNA 
HRS saliva 


English Longitudinal Study of 
Ageing — ELSA 


Chinese Health and Retirement 
Longitudinal Study - CHARLS 


The Irish Longitudinal Study of 
Ageing — TILDA 


Mexican Health and Aging Study — 
MHAS 


Indonesia Family Life Study — IFLS 


Blood (venous) 


Blood (venous) 


Blood (venous) 


Blood (DBS, point 
of care meter) 


Blood (DBS, point 
of care meter) 


Total cholesterol, HDL cholesterol, LDL cholesterol, triglycerides, 
HbA\1c, glucose, CRP, fibrinogen, white cell count, hemoglobin, 
ferritin, IGF-1, DHEA-S, vitamin D, DNA 


Total cholesterol, HDL cholesterol, LDL cholesterol, triglycerides 
HbA\1c, CRP, cystatin C, complete blood count 


Total cholesterol, HDL cholesterol, LDL cholesterol, triglycerides, 
HbA1c, DNA, RNA, PBMCs 


Total cholesterol, HDL cholesterol, glucose, HbA1c, TSH, Hb, CRP, 
vitamin D 


CRP, hemoglobin 


OTHER US STUDIES 


National Social Life, Health and 
Aging — NSHAP 


Midlife in the United States — 
MIDUS 


Blood (DBS, 
microtainers) 


Blood (venous) 


HbA\1c, CRP, EBV, Hb, cytokines 


Total cholesterol, HDL cholesterol, LDL cholesterol, triglycerides, 
HbA1c, CRP, ICAM, IL-6, s-IL-6r, fibrinogen, E-selectin, PINP, 
BSAP, NTx, vitamin D, DHEA, DHEA-S, creatinine 


OTHER NON-US STUDIES 


Costa Rican Longevity and 
Healthy Aging Study - CRELES 
(Costa Rica) 


Social Environment and 
Biomarkers of Aging Study — 
SEBAS (Taiwan) 


Blood (venous) 


Blood (venous) 


Total cholesterol, HDL cholesterol, triglycerides, CRP, glucose, 
HbA1c, DHEA-GS, creatinine 


Total cholesterol, HDL cholesterol, triglycerides, HbA1c, glucose 


IGF-1, IL-6, IL-6sr, ICAM-1, E-selectin, CRP, fibrinogen, leucocytes, 
lymphocytes, platelet counts, DHEA-S, Hb, CBC, creatinine, 
homocysteine, folate 


DBS = dried blood spot; HDL = high density lipoprotein; LDL = low density lipoprotein; HbA1c = glycosylated hemoglobin; Hb = hemoglobin; CRP = 
C-reactive protein; DNA = deoxyribonucleic acid; RNA = ribonucleic acid; IGF = insulin-like growth factor; DHEA-S = dehydroepiandrosterone sulfate; 
PBMCs = peripheral blood mononuclear cells; TSH = thyroid stimulating hormone; EVB = Epstein-Barr virus; ICAM = intracellular cell adhesion molecule; 
IL = interleukin; PINP = procollagen type I N-terminal propeptide; BSAP = bone-specific alkaline phosphatase; NTx = N-terminal peptide; CBC = complete 


blood count 


of the studies with biomarker data along with pressure) or performance (e.g., lung function) 
information on samples collected and assays but focus on bodily fluids such as blood, saliva, 
produced from blood in each study. We do and other sources. This table generally includes 
not include biomarkers from exam (e.g., blood national studies with some existing data that are 
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now available; however, in the near future, many 
of these studies will have data from more assays 
and many more studies will be added. In other 
cases the type of assays and source is expected 
to change in the future (e.g., HRS which will col- 
lect whole blood in 2016). A more extensive list 
of studies with included biomarkers is contained 
in Love, Seeman, Weinstein, and Ryff (2010). We 
only include blood-based markers here. A num- 
ber of studies include urine-based markers (e.g., 
MIDUS, NSHAP, CRELES) and some include 
saliva-based markers (e.g., MIDUS, NSHAP). 
Extensive information on biomarkers in individ- 
ual studies along with collection procedures and 
details on the studies is provided on the NIA 
Biomarker Network web site: 

http://gero.usc.edu/CBPH/network/ 
resources /studies. 
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